Abstract: This paper investigates potential contagion among the major financial institutions in developed economies. Using Credit Default Swaps (CDS) premia as a measure of credit or counterparty risk, our analysis focuses on the extreme co-movements of Financial Institutions' default contracts during the high level of stress undergone by the CDS markets in the aftermath of the 2007 sub-prime crisis. Our approach is twofold: first, under different tail dependence scenarios, we calibrate several multivariate linear propagation models of constant correlation. Our Monte Carlo simulation study finds evidence of contagion for Financial Institutions-notably in the US-and captures a non-normal dependence structure in the tails for the traded contracts. Second, we estimate a multivariate Dynamic Conditional Correlation-GARCH (DCC-GARCH) model, and demonstrate significant ARCH and GARCH effects, as well as time-varying correlations in CDS spreads variations. Our overall analysis rejects the assumption of constant correlation. More importantly, it advocates changing structures in tail dependence for CDS series during times of financial turmoil as an important feature of banks" increased fragility.
Introduction
The study of markets linkages in periods of market turbulences has come central stage in empirical financial research since the 1990"s major financial crises. Common to all these episodes was the attribution of the shock propagation mechanism across asset classes and/or regions, to changes in linkages pertaining to transmission channels other then those of economic fundamentals. The concept of financial contagion thus emerged to describe significant increases or structural shifts in cross market co-movements, while any continued market correlation at high levels is considered to be interdependence (Forbes and Rigobon, 2002) . With the event of the 2007 sub-prime crisis and the world"s most systemically important banking systems failing to pass the stress test, the study of contagion within the framework of financial and banking systems" stability became of paramount importance.
During the 1990s decade, contagion crucially revolved around the notion of correlation breakdown: in periods of market stress, the propagation of shocks and hence their systematic nature would only be empirically accounted for through a statistically significant increase of correlation. This "breakdown" would specifically distinguish periods of normal market conditions from those of market crash. Yet several limitations in using structural shifts in correlation as a conclusive measure of contagion were soon evidenced by Boyer et al (1999) who showed that tests for changes in correlation that do not take into account conditional heteroskedasticity may be strongly biased. They showed that due to volatility increases during times of market stress, the correlation between two asset or market returns conditioning on the extreme realizations of one of them is likely to yield a correlation breakdown, even if the true data generation process"s unconditional correlation is constant. Moreover they evidenced the selection bias induced by an arbitrary sub-sampling procedure conditioning on high and low volatility.
A further drawback in using correlation is that it is intrinsically biased towards the normal distribution. As Bae et al. (2003) have noted, the main assumption about the effects of financial contagion lies in the fact that changes in the dependence structure seem to occur in a different way for large negative returns than in the case of small negative returns. Being a global measure of association, correlation doesn"t accommodate such non-linearity in changes in the dependence structure.
Recognising the need to go beyond the linear approach, studies based on extreme value theory (EVT) were able to address the correlation breakdown caveats. More importantly, the shift was made from a dependence structure located around the centre of a given distribution to an assessment of dependence in the tails. As de Vries (2005) pointed out, "what happens in the limit is a strong interpretation of what constitutes a crash. It is also informative about what happens at extreme but finite sample points" 2 . The advantage of semi-parametric EVT models becomes even more obvious in the case of heavy tailed marginal distributions, as they are able to capture relevant information in terms of extremes and extremes" dependencies. Another advantage of EVT is the flexibility it provides researchers in modelling and exploring the features of contagion as dependence can either asymptotically increase or vanish, regardless of correlation or correlation dynamics. 4 regardless of the CDS returns" correlation dynamics. CDS co-movements can either be asymptotically dependent with tails exhibiting a high degree of co-dependence. Alternatively they can be asymptotically independent as evidenced by a multivariate normal distribution reflecting weak probabilities of extreme co-movements. Or an increasing and hence changing tail dependence structure would characterise Banks and Insurance CDS returns. We dub the latter feature as increased fragility underlying Banking and/ or Insurance sectors. Increased tail dependence in highly volatile CDS markets was found for the banking sectors in the US, France and Germany as well as the UK insurance sector. Along with tail dependence breaks, asymmetry was also evidenced, except for US Banks. A nonnormal dependence structure was found to characterise insurance companies" extreme co-movements in the US, Germany and France. Their CDS returns seem to be asymptotically dependent-as evidenced by a multivariate t distribution-but this dependence in the tails is rather stable. Finally, co-movements of Spanish banks are independent in the tails as we found that a multivariate normal distribution better describes their CDS downside and upside extreme co-movements.
The remainder of the paper in structured in the following way. Section 2 describes the data and statistics of CDS returns. Section 3 describes the non-parametric measure of extreme co-movements or CDS co-exceedances, presents a multivariate DCC-GARCH model and the procedure of testing for constant correlation. We also discuss our Monte Carlo simulation approach. Section 4 reports the estimation and numerical simulations results. Section 5 concludes.
Data

Credit Default Swaps
We are particularly interested in CDS market prices for the assessment of an existing dependence structure between financial institutions in developed economies. A CDS is a bilateral over-the-counter (OTC) transaction under which the buyer of protection is insured against a reference entity"s credit risk and pays the seller of protection periodic payments of a fixed coupon or premium expressed as a function of the CDS contract notional value. The stream of payments is continuous over the maturity of the contract unless a specified credit event occurs and triggers a default contingent payment to the buyer of protection. Credit events include bankruptcy, failure to pay outstanding debt obligations and restructuring of a bond or loan. Default settlement is carried out in two ways: either the protection buyer delivers, in exchange of par to the protection seller, any bond issued by the defaulted entity that meets the referenced bond criteria in the contract (physical settlement), or the protection seller pays the buyer the cash amount of par less recovery (cash settlement).
The CDS premium reflects the risk-neutral weighted cost of providing insurance against default. A CDS fair premium equates the present value of payments to the present value of expected default loss 5 . CDS premia are thus very often regarded as a direct measure of credit worthiness of a borrower and unlike corporate bond spreads, they 5 are not affected by tax and liquidity effects 6 . Moreover, CDS prices provide information in regards to both the cumulative probability of default and the conditional probability of default (the latter also called hazard rate) of an issuer, and shed light on the market"s perception on both credit risk and its term structure.
Data collection and treatment
We conducted our analysis using data from Credit Market Analysis (CMA) which spans from December . Another noteworthy statistic is Moors" robust excess kurtosis 10 statistic, which for all series, shows a large difference with the conventional one thus indicating the presence of a small number of outliers, a typical feature of both CDS price and returns series (see Appendix 1.c).
All CDS returns series exhibit a similar pattern in terms of heavy-tailed return distributions and stationarity.
More importantly, all country samples seem to experience synchronised movements of widening and tightening CDS spreads over time. This concomitant behaviour is obvious as depicted by the series" spread levels in Appendix 1.b, and provides a good ground for investigating for a potentially dynamic correlation structure as market conditions change from normal to turbulent during crises times.
CDS return series exhibit large return and volatility clustering since the start of the sub-prime crisis in July 2007, as seen in Appendix.1.c. We therefore are particularly aware that conditional heteroskedasticity needs to be accounted for when analysing CDS returns co-movements, as any pair-wise correlation between CDS returns across countries is likely to increase during a highly volatile period, implying a contagion phenomenon that may not be present in the series. Finally, because the DCC-GARCH model is robust to heteroskedasticity-induced bias in correlation and because we are keen on exploring the conditional correlation structure throughout the entire period, we did not subsequently resort to normal versus stress sub-sampling of our data.
8 Augmented Dickey-Fuller tests also rejected both trend and intercept in CDS returns series, except for Old Mutual PLC, for which we included a significant deterministic time trend. Even though CDS price series present structural breaks, we did not test the null of unit root against the break-stationarity alternative to the extent the variable of interest is CDS returns (premia changes). 9 Under the null hypothesis, the Jarque-Bera test statistic follows a Chi-Square distribution with two degrees of freedom. Moors (1988) robust kurtosis coefficient is computed as ( where is the th octile for each of the CDS returns' series. Because it's an octile-based measure, the coe
fficient is robust to outliers, specially in the case of a large number of observations. For a normallydistributed variable with zero mean and unit variance, Moors' robust kurtosis is equal to 1.23. Ou rexcess robust kurtosis is thus centered around that value. For a survey of robust third and fourth moments and their applications, see Kim and White (2004) . 7
Methodology
Investigating extreme returns dependence: a Monte Carlo simulation approach
The analysis of increased banks fragility is based on the assumption of an increasing dependence structure of CDS extreme returns. Joint credit events and/or credit quality deteriorations occur when entities either are exposed to a cyclical shock, or market-wide adverse factor, or are subject to close linkages. The latter, consensually defined as contagion in the existing literature, is favourable to an increased dependence structure in times of market stress and constitutes a channel for the transmission of idiosyncratic or entity-specific shocks. It is important to note that CDS premia reflect the market perception of counterparty and/or credit risk. That is, in the case of financial institutions, credit dependence can either be real (e.g. loan syndication activities or interbank market ties) or virtually perceived by the market (e.g. the fear of insurance companies" over-exposure to illiquid risky assets).
We are interested in investigating whether or not the 2007 financial crisis was capable of revealing an increased fragility, regardless of the causes of credit or counterparty risk deterioration, in the banking and insurance sectors in the US, the UK, Germany, France and Spain. In other words, in times of high volatility either induced by market downturns, or contagion driven, financial institutions can grow more and more dependent in the tails. In order to gauge this increased fragility, we follow Bae et al. (2003) in defining an extreme return, or "exceedance", as one that is located in the 5 percent tails of the overall CDS return distribution. We then identify the number of joint occurrences of returns exceeding their respective thresholds, and define the count of those joint occurrences as our non-parametric measure of extreme dependence. Tables 3 and 4 present the results for the US Banks and Insurance samples. For those two samples, the distribution of extreme co-movements is asymmetric as the days during which credit risk deteriorations of three or more banks or insurance companies were simultaneously observed outnumbered the days of bottom tails co-exceedances.
We then turn to the investigation of the dependence structure of those extreme co-movements by simulating a pseudo-random distribution of co-exceedances that would result if correlation were constant during the sample period. To this end, we resort to a multivariate CDS return generating model that we calibrate using the CDS returns true dependence assumptions obtained with the Cholesky decomposition of the returns" variance-covariance matrix which we assume at this stage constant. We then consecutively simulate two regimes of tail dependence: a weak tail dependence (low co-kurtosis implying asymptotic independence) regime generated by a multivariate distribution with Gaussian marginals, and a strong tail dependence (high co-kurtosis implying asymptotic dependence) regime based on t-distributed marginals of the joint distribution of CDS returns 11 . Degrees of freedom underlying the strong tail dependence regime are equal to n+k-1, where n is the number of issuer in each sample and k takes values ranging from 1 to 25. We deliberately set k equal to 1 in order to ensure the strongest asymptotic dependence in our data generating process, so that each Student-t marginal distribution has k degrees of freedom. 1009 daily 11 We chose the multivariate normal and Student-t distributions for their elliptical properties. Elliptically contoured distributions are characterized by their marginals and their correlation matrix. The multivariate Student-t is introduced to capture a non normal dependence in the tails of the series. Each marginal distribution is symmetric with zero mean, unit variance, zero skewness and a kurtosis equal to 3( 2) /( 4).
vv For a detailed presentation of elliptical distributions, see Jondeau et al. (2007) 8 observations for each issuer are then generated with 5000 replications. The numerical simulation provides us with a distribution of co-exceedances against which we benchmark the data true joint occurrences of bottom and top tails returns.
In a second simulation experiment, we assume a time-varying dependence structure between financial institutions CDS returns. Dynamic correlations are parametrically modelled by fitting a multivariate DCC-GARCH model (Engle, 2002) to each sample of our study. Since it is already well know that the joint tails of multivariate GARCH type models, and especially ones with conditionally fat-tailed errors, can produce many more joint exceedances than the corresponding unconditional distributions, the assumption we are seeking to test is the following: if any contagion was evidenced based on our benchmark model of constant correlation, can the true data extreme co-movements be accounted for once we assume a dynamic dependence structure? In other words, could the observed contagion be due to an increase in linkages between financial institutions in periods of market turmoil, and once dynamic correlations are accounted for, neither contagion nor asymptotic dependence would any longer characterize our samples? We proceed the following way: the DCC-GARCH model estimates are used as inputs to our Monte Carlo simulation. Using the assumptions of conditional volatilities and conditional correlations, we run 5000 simulations of financial institutions CDS returns from a DCC-GARCH (1,1). In the simulation set-up, innovations are consecutively assumed to follow a multivariate normal distribution and a multivariate Student tdistribution. For each sample, the degrees of freedom are taken from our first simulation experiment and kept unchanged. The simulated DCC-GARCH model provides us with a distribution of co-exceedances. We then matchup the obtained results to those of our linear model of constant correlation. The following sub-section briefly presents the DCC-GARCH methodology.
Econometric methodology
In order to examine the time-varying interactions within each country-based CDS sample, we resort to the estimation of a multivariate DCC-GARCH model. Along with presenting a univariate-like framework of GARCH interpretation, multivariate DCC-GARCH models allow for GARCH dynamics in the estimation of the conditional variances and conditional correlations: by calculating the DCC parameters, the method estimates time-varying conditional correlations as a function of previous realizations of both volatilities and correlations.
Consider the following vector specifications: As proposed by Engle (2002) , the log likelihood function can thus be written in two components, allowing for this two-stage estimation procedure:
Where the volatility component is first maximized in respect to the univariate GARCH parameters, and second, the correlation part is maximized to estimate and .
The necessary and sufficient conditions for positive definiteness of the conditional covariance matrix are the same for the DCC model as for a univariate GARCH process with the following specification: 
Empirical Findings
We fitted a diagonal DCC-GARCH (1,1) model to all CDS returns samples 13 . The model was estimated by quasi-maximum likelihood (QML), with robust t ratios (Bollerslev and Wooldridge, 1992) used for the estimates statistical significance. Even in the case of the German banking and UK insurance sectors for which estimates of θ2 are lower, the impact of past standardized shocks on dynamic conditional correlations is mitigated by higher estimates of the DCC"s own lagged effect. Estimates of selected pair-wise correlations for each country"s both Insurance and Banks samples are depicted in Appendix 2.b. 13 The DCC-GARCH model assumes conditionally multivariate returns with zero expected value and covariance matrix Ht (Engle, 2002) . To the extent that we performed a zero mean hypothesis test and found that all our CDS returns series" means are statistically not different from zero, we did not need to de-mean our series by estimating a VAR-like mean process prior the DCC-GARCH estimation. The lags order p and q are equal to 1 as the analysis of squared returns autocorrelation and partial autocorrelation functions evidenced a significant first-order lag. See the autocorrelation and partial autocorrelation functions of selected CDS squared returns, Appendix 1.d. The choice of a first order ARCH and GARCH lag also made sense due to the intrinsic difficulty in estimating higher order models as the number of parameters increases. 14 Diagonal DCC-GARCH were computed as no significant spill-over effects were found to allow for extended multivariate DCC-GARCH models estimation. , , are the constant, the one order ARCH param
eter and the one order GARCH parameter respectively for each of the , , entities comprised in each sample.
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The simulations results for the US and European banking and insurance sectors are presented in Tables 1 to 9 in Appendix 2.c. The tables report both the constant correlation and dynamic conditional correlation scenarios for all sectors. Within the constant correlation framework, the asymptotic independence scenario generates a significantly lower average number than the actual number of maximum simultaneous bottom and top tails returns for financial institutions (p-value < 0.05). In the case of UK Banks (Table 3) , the simulation"s p-value for four co-exceedances is 0.115, yet it is obvious when looking at the actual and simulated counts of extreme synchronised co-movements, that the multivariate normal distribution is not able to replicate the actual number of 3 co-exceedances in the top tails (p-value = 0.007). Those results suggest asymptotic tail dependence, which is found to be asymmetrical in the case of UK Insurance companies (Table 4) and Spanish banks (Table 9) as the low kurtosis scenario is able to explain all lower tails co-exceedances. Simulations based on the high co-kurtosis scenario, i.e., when allowing for a strong dependence structure in the tails, yield mixed results. In the case of UK Banks, German and French insurance companies as well as Spanish banks, the multivariate Student distribution generates an average count of maximum positive co-exceedances that is comparable with the true data generating process, hence validating the hypothesis of strong dependence in the tails for those four samples. In the case of Spanish banks and French insurance companies, dependence in the tails is symmetrical as negative co-exceedances are also accounted for by the high co-kurtosis scenario. Asymmetry is on the other hand found for the German insurance sector (Table 6 ) and the UK banks (table   3) as the high co-kurtosis hypothesis is rejected in the lower tails at a 10% and 5% significance level (p-value of 0.098 and 0.006 respectively). Overall, those results suggest that over the period of interest, an increased tail dependence seems to characterize banking and insurance sectors in specific countries (US banks and insurers, UK insurers, French Banks and German banks) as both the hypothesis of constant correlation and tail dependence aren"t satisfactory in explaining their CDS returns extreme, notably positive, co-movements.
Compared to the time-varying correlation scenario results, those findings are nuanced. The DCC-GARCH with normal distributed innovations models fail in explaining the observed number of maximum extreme co-movements of CDS for the majority of sectors. Exception made for the Spanish banks for which the lower and upper tails pvalues are 0.34 and 0.13 respectively, there seems to be no evidence that tail dependence found in the first stage of our simulation experiment can be entirely accounted for a by a changing correlation structure. When allowing for tdistributed innovations, our simulation results easily replicate the maximum number of co-exceedances for the insurance sectors in the US, Germany and France (respectively 0.84, 0.76, 0.88 in the lower tails and 0.59, 0.88, 0.82 in the upper tails), suggesting evidence of asymptotic dependence and time-varying correlations for Insurance companies. Finally, the results on banks in the US, France and Germany, as well as insurance companies in the UK are noteworthy. For those samples, DCC-GARCH based simulations, even when allowing for Student-t distributed innovations do not generate a comparable count of extreme co-movements neither in the top nor lower tails for US and German Banks, while the p-values are lower then the 10% significance level in the lower tails for French banks and UK insurers (0.069 for three co-exceedances of UK insurers and 0.057 for four co-exceedances of French banks), so that even in the lower tails, the hypothesis of a stable tail dependence structure is debatable. Those results suggest that tail dependence of those financial institutions exhibit breaks and that those breaks aren"t reflected in the CDS returns distribution"s overall dynamic correlation structure given by the estimated time-varying correlation coefficients.
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Our empirical findings have two implications. First, while it is well known among economists that there are inherent difficulties in predicting systemic crises-both it their scope and intensity-rather then merely identifying them ex post, the current financial crisis proved one more time that it is also difficult to recognise the risks associated with events as they take place or rise in severity during a crisis. This Disaster-myopia 15 driven behaviour directly relates to the inclination of economic agents to underestimate the probability of occurrence of adverse events, notably when those events last took place in the very distant past. This readiness not to recognize or estimate stress events and associated risks as they occur, especially after prolonged periods of stability, makes it difficult for both policy-makers and market participants to gauge the marginal contribution of a particular distressed financial institution in the disruption of the entire banking or financial system. Because it is based on daily observations and on a joint tail risk measure, our analytical model can help capture systemic risk as it occurs, since it is capable of differentiating and hence pointing out to non linearities in tail dependence, or in other words, increasing risk that multiple financial institutions become simultaneously distressed.
Increased tail dependence was found to characterise major economies" banking sectors (the US, France and Germany) and to less extent insurance companies (only UK insurers" DCC-GARCH model simulations with tdistributed innovations couldn"t generate a comparable count of positive extreme co-movements at the 5 % significance level, see Table 4 , Appendix 2.c). This result suggests that the financial crisis was rather of a systemic nature in banking sectors with stress events such as the Lehman Brothers bankruptcy and the near failure of Bear Sterns, as opposed to being a rather contained crisis in global insurance sectors. In sum, the analysis presented here could be jointly used with other approaches such as early warning signals/financial soundness and market indicators in order to determine when a financial institution, given the state of global capital and liquidity markets, is increasingly contributing to the whole sector or system"s fragility, in other words, when systemic risk becomes apparent.
A second implication of our results pertains to the inevitable interaction of credit and counterparty risks in the CDS markets. Counterparty risk directly relates to the probability of the counterparty of a CDS contract to fail to meet its payment obligations if the reference entity were to default. If a CDS seller defaults, the protection buyer will look to replace the trade with a different counterparty at a price often different (higher) than the original contract price. The defaulted counterparty is legally bound to pay the additional cost of trade replacement. Those costs, if unpaid by the defaulted counterparty, can incur significant losses to the protection buyer. The Lehman debacle proved that the actual losses due to trade novation costs when a financial institution defaults as a counterparty can be much greater than the losses on its debt instruments, i.e, when the same defaulted financial institution is the reference entity in the contract. In the days following Lehman Brothers" default and the resulted increase in CDS volatility, several market participants suffered losses in novating their trades with other financial institutions on account of simultaneous jumps in CDS spreads across the board 16 .
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The Lehman episode was consequently able to reveal at least two structural features in CDS trading that played A second factor which we believe contributed to increased tail dependence in Banks CDS returns is the stronger interconnectivity of the CDS market as a network over the past two years. Stronger interconnectivity resulted in an increase in correlation between financial institutions CDS spread movements since the start of the crisis in July 2007 (see Appendix 2.b selected DCC-GARCH estimated pair-wise correlation coefficients). Those stronger linkages resulted primarily from both the over-concentration of the CDS markets and the increase in demand for protection against the failure of financial institutions that were hit by the crisis. This, in turn further deteriorated their CDS spreads levels, as they turned out to be counterparties to other financial institutions. Counterparty risk thus emerged to add a layer to credit risk as financial institutions became both counterparties and underlying reference entities to CDS transactions, and mechanically fed into successive rounds of spread decompression when market participants realized that the potential impact of a financial institution"s default as both an obligor and a counterparty needed to be hedged against.
Those findings are in line with those of financial markets structure research. Cont et al. (2009) have shown that CDS networks" complexity constitutes a channel for the diffusion of systemic risk within a network of financial institutions. The enhanced complexity of the trading network, in the aftermath of the 2007 sub-prime crisis, increased the potential impact of a financial institution"s default, which in turn resulted in a synchronised increase in financial institutions" CDS spreads. It is in that sense that tail dependence breaks can be viewed as a key feature of contagion that ought to be particularly assessed for systematically important financial institutions.
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Summary
This paper provides evidence that the dependence structure between CDS returns of financial institutions in the US and Europe changed since the start of the financial crisis in 2007. Changes in dependence adjusted for high volatility on CDS markets-as denoted by statistically significant DCC parameters-are captured by DCC-GARCH
(1,1) models. We also evidence different patterns of tail dependence for financial institutions CDS returns. Based on numerically simulated extreme co-movements, we demonstrate the increased fragility of the banking sectors in the US, France, Germany as well as the UK insurance sector and point out to a changing dependence structure in the tails. More importantly, we show that, for those sectors, changes in tail dependence aren"t revealed through changes in correlation. Those results seem to characterize the extreme co-movements of the largest CDS dealers evidencing that counterparty risk might have possibly contributed to the increased fragility of those sectors. More broadly, our findings provide a basis for a better understanding of CDS market dynamics and extreme dynamics which are both of growing importance to policymakers and risk management practitioners. Future research is needed to control for fundamentals and market structure variables for a deeper understanding of CDS returns extreme co-movements. * denotes significance at the 5% level. ** denotes significance at the 10% level. Numbers in parentheses are robust standard errors. 
